Most video tracking algorithms including L1 tracker often fail to track correctly under adverse conditions such as object occlusion, disappearance, etc. To address this issue, we propose an improved L1 tracker algorithm called Tracker-2, based on what we call the expanded template which includes the reference template and trail template. The reference template keeps the original features of the target and prevents errors from being introduced by false tracking results with the template update, which leads to the deviation of the target. The trail template records the trail tracking results to avoid massive use of trivial templates which may result in the false detection of occlusion. The experimental results on a number of standard data sets have proved that our Tracker-2 approach is able to deal with the occlusion problem effectively while maintaining the advantages of L1 tracker.
Introduction
Visual tracking has been one of the key research areas in computer vision community for the past decades. It is crucial for video analysis, surveillance and monitoring, human behavior analysis, human computer interaction and video indexing/retrieval etc. [1] . A number of approaches have been proposed for visual object tracking. Most of them can be classified into two categories: generative and discriminative. The generative methods [2, 3] aim at building the appearance model of target. The tracking is achieved by searching the location which is most similar to the learned appearance model. Different from the generative, the discriminative approaches solve a binary classification problem for tracking. Features are extracted from both the target and background regions, used for learning a classifier online, such as ensemble tracking [4] . There are also some other advanced theories used for tracking, including multiple instance learning [4, 5] , sparse bayesian learning [6] , global model seeking [7] and Tracking-Learning-Detection (TLD) [8] . Recently, the sparse representation and compressed sensing techniques [9] have drawn a great attention in visual tracking [10, 11, 12] . In this case, the tracker represents each target candidate as a sparse linear combination of dictionary templates that can be dynamically updated to maintain an upto-date target appearance model. This representation has been shown to be robust against partial occlusions, which leads to improved tracking performance.
The L1 tracker based approaches have addressed the occlusion, corruption and other challenging issues through a set of trivial templates. Specifically, to track the target in a new frame, each target candidate is sparsely represented in the space spanned by target templates and trivial templates. The sparsity is achieved by solving an L1-regularized least squares problem. Then the candidate with the smallest projection error is regarded as the target. Despite of being effective, these L1 trackers require high computational costs due to numerous calculations for L1 minimization. In addition, the inherent insensitivity of the L1 minimization to occlusion has not been fully utilized. Thereafter [11] proposed a modified efficient L1 tracker with minimum error bound and occlusion detection, called Bounded Particle Resampling (BPR)-L1 tracker. This algorithm is able to deal with occlusion with L1 minimization formulation using trivial templates, at the expense of high computational cost,though.
But if the image is polluted by complex noise or occlusion, L1 tracker method has some drawbacks in tracking accuracy and erroneous judgement of occlusion. To address this challenge, in this paper, we propose an improved L1 tracker approach, which we call Tracker-2, by introducing the reference template and the trail template into the L1 tracker. The template of target extracted from the first frame is taken as the reference template, which is not updated during tracking. This can avoid errors from false tracking results and improve the recapture of the target after occlusion. According to the order of similarity, a template from recent frames is picked up as the trail template, which has the highest similarity with the target template.
L1 tracker algorithm
The L1 tracker proposed by Mei et al. [10] is a sparserepresented image tracking algorithm based on particle filtering. The sparse representation is used to calculate the likelihood p of a candidate object x k . Given the target template set
k is a 1D vector formed by stacking template image columns. The sets of candidate objects and the corresponding images are denoted as 
where a i T = (a 1 , a 2 , ..., a n ) T is called a target coefficient vector, and a trivial template, I (1), to a certain extent, illustrates the core idea of the sparse representation, i.e. finding the linear representation of the tracking target by feature templates and trivial templates. The error caused by occlusion and noise typically corrupts a fraction of the image pixels. Just for a candidate approximating the target, there are only a limited number of nonzero coefficients in a i k that account for the noise and partial occlusion. The deviation of the candidate from the target will reduce the sparsity of the coefficient vector, and increase the complexity of operation. Mei et al [11] exploited the compressibility in the transform domain by solving the problem as an L1-regularized least squares problem, which is known to yield sparse solutions typically.
In the L1 tracker algorithm [10, 12] , the occlusion is detected before template updates. In occlusion detection, the coefficient of the trivial templates, a = [c T , c I ] is converted into a matrix with the same size as the template, and then thresholded into a binary matrix with a predetermined threshold value. The largest connected region is used to estimate the occlusion. c T is constrained to be larger than 0, but there is no constraint for c I . That means, in the coefficient matrix, only those elements greater than the threshold are set to 1. When the gray value of an occlusion object is less than the tracking object, the occlusion will be ignored and not processed, which leads to the wrong tracking result. In order to address this issue, we propose an improved L1 tracker algorithm. At first, with a predetermined threshold value we threshold the absolute value of the coefficient matrix into a binary matrix. The elements with the equivalent value are regarded as in homogeneous regions. Then we calculate the largest connected area and compare it with the preset value given as a percentage of the total area (we set 30% in this paper).
To deal with the above-mentioned issues, we process the positive and negative templates separately, and introduce expanded templates (including the reference template and the trail template) into in addition to feature templates and trivial templates. As described earlier, L1 tracker applies a dynamic templateupdating strategy interposing between frequently updating strategy and never updating strategy, while our reference template and trail template correspond to these two extreme strategies. We denote this approach as Tracker-2, which utilizes the particle filter and the flexibility of the sparse representation model to improve response capabilities of the tracking algorithm to track changes in appearance of the targets. Tracker-2 is also able to capture lost target and to reduce misdiagnosis of occlusion. Experimental results demonstrate that Tracker-2 can not only achieve better performance in occlusion detection than L1 tracker, but also prevent the template from being updated late due to overly strict occlusion detection.
Reference template
During the object tracking process, the target maybe occasionally disappear temporarily from the image sequence. Neglecting this case may weaken the ability of the algorithm to cope with object disappearance and to effectively recognize the target when it reappears [14] . For those tracking approaches [14] on responding dynamically to object changes, the disappearance and reappearance of the target causes more severe problems. When the target disappears in the current frame, the approaches detect a big difference between the frame and the target template. This difference may be treated as a signal that the objective has changed. The target templates fail to respond appropriately to the changed objects but are updated according to the current wrong tracking results with some fallacious features being added into them. The error may eventually lead to offset of the tracking target.
Trail template
L1 tracker is prone to error on occlusion detection in object tracking as the template cannot describe adequately the current tracking process. The templates are not updated as needed, and the usage of trivial templates is reduced, which seriously affect the effective tracking.
To address this issue, we introduce the trail template, which is the tracking result with maximum similarity to the feature template among the latest results (the result of the last 5 frames, as in [15] ). The trail template is updated with the latest and most reliable result in current process. Therefore, the trail template is the tracking result with two important characteristics reliable and recently-obtained. Firstly, it must be the target for its qualification as a template. Secondly, it is the result close to the current frame, so its difference from the current target is less than that between the current target and the feature template.
Here we consider a typical scenario previously mentioned for the false identification of occlusion. When small changes begin to appear, L1 tracker considers the template sufficient to describe the results of the current frame, thus does not update the template (If the template is updated, errors will be added into the template, resulting in a deviation in the tracking results). As the target gradually changes, a large number of trivial templates will be used when L1 tracker identifies the template incapable to describe the current frame appropriately. This may result in a large connected region with 1 in the binarized coefficient matrix, which will be identified as occlusion. Tracker-2 uses the trail template (latest matrix) to record the changes during the tracking process. As the templates characterize the gradual variation of the target, the number of trivial templates can be reduced significantly when the template is updated. So the risk of false detection of occlusion is reduced.
The overall process of the Tracker-2 algorithm is shown in Table I .
Experiment Results and Performance Analysis
In our experiments, Tracker-2 is implemented in Windows 7 using Matlab. The threshold of Sim [15] is preset to τ = 0.3 
( because the template is unable to represent the current tracking results when the value τ is more than 0.3.). The numbers of feature templates and particles are 10 and 600, respectively. λ = 0.01, μ c = 10 (Weight coefficient in Table I ). The L1 tracker algorithm in the comparative experiment uses the same settings.
Comparative analysis of experimental results
In our quantitative experiments, 15 standard videos are chosen. Here we only randomly show the results of 4 videos. Tracker-2 is evaluated and compared with the L1 tracker.
To evaluate the tracking performance, Ref. [16] select the area-overlap-rate to determine whether each frame of the tracking results are acceptable. The overlap rate is the standard of the performance evaluation of object detection algorithm in PASCAL test [17] , which is described as the overlap rate between the tracking target area and the actual target area. If the tracking target area in a frame is ROI G , the actual target area is ROI T , the overlap ratio of the frame is calculated by
where N total is the number of total frames, and N score≥0.5 denotes the number of correctly tracked frames.
In addition to the above method, some researches [15] also apply the central discriminant method to determine whether the current tracking results meet the requirements, in which the distance between the centres of two regions is used as the dominate parameter. But this method ignores the size of the selected area, and is not accurate enough. So in our study we use the overlap rate approach, for it gives more accurate and comprehensive results. The comparison between results of Tracker-2 and L1 tracker is shown in Table III . Regarding the accuracy rate, our Tracker-2 has obtained similar performance to L1 To further evaluate the performance of Tracker-2, we compare the tracking results in the corresponding frames of two methods with the central moment of the standard target position, as shown in Fig. 1 . The blue and red are the test results of L1 tracker and Tracker-2, respectively. The vertical axis represents the central moment of the tracking results and the actual target position (the unit is the pixel distance), and the horizontal coordinates represent the number of current frame.
Comparative analysis
In this part, we give intuitive comparisons of the image frames and the tracking results to illustrate Tracker-2's effectiveness. In Figure 2 , the left is the initial calibration frames, followed by the recognition of different times. The red box encloses the tracking results of L1 tracker. In the Face dataset, the tracking accuracy is greatly affected by the appearance of a large number of occlusions which make the target disappear time to time. In Fig. 2(b) , the results of L1 tracker are obviously shifted starting from the deflection of target's head. In Fig. 2(a) , Tracker-2 can complete the tracking task, and there is no obvious deviation. Especially in the last stage of tracking, although the target box of Tracker-2 becomes relatively small, its location is still very accurate. This shows that , Tracker-2 copes with the occlusion more effectively than L1 tracker. 
Conclusions
In this paper an improved L1 tracker algorithm, Tracker-2, is proposed. We have proposed in this paper a new approch, called Tracker-2, using the expanded template (including the trail template and reference template) to deal with the problem of occlusion and misdiagnosis in image target tracking. We have evaluated and tested Tracker-2 on some classical video datasets and compared it with recent tracker algorithms. The experimental results have demonstrated that the expanded template strategy has effectively improved its ability to cope with the problem of occlusion, while retaining the advantages of conventional L1 tracker. In future work, we will try introducing the low rank representation into the algorithm to improve the accuracy of Visual Tracking, and apply the Tracker-2 algorithm to target track in complex environment
